Abstract-It is arbitrarily known that the spectrum scarcity issue in the wireless channel has brought to the surface several Quality of Service (QoS)-related challenges for the network operators. Although it is claimed a QoS improvement may be possible if a high wireless signal frequency is generated, this solution does not seem to be compatible with the emerged network scenarios, wherein low power and energy-efficient communications are among the core driving QoS criteria. Minding that, in this paper, we look into the problem of subchannel power allocation at the downlink LTE-A network. Accordingly, an Energy-aware Subchannels Power Allocation (EaSPA) algorithm is proposed to solve the formulated non-convex optimization problem. The system-level simulation experiments imply that the proposed subchannels power allocation model enhances the energy efficiency by 20% compared with a reference scheme. In addition, a low dissipated power level is preserved over different network loads.
I. INTRODUCTION
The endogenous increase of mobile devices and the strong demand for digitalizing almost every element in people's life, explode a tsunami of data that is globally processed and traversed every second over multi-wireless hops. With that, the Information Communication Technology (ICT) becomes a mammoth industry of an intense impact in the recent years. Unfortunately, it has been reported lately that the ICT industry could use 20% of all electricity and emit up to 5.5% of the worlds carbon emissions by 2025 [1] . Thereupon, the persistent need of designing energy-efficient methods for wireless transmissions channels, particularly in urban network scenarios, became highly audible in the research community.
Long Term Evolution-Advanced (LTE-A), which prominently stands as the Fourth Generation (4G) mobile broadband system, offers an elevated Quality of Service (QoS) profiles in different scenarios [2] . Besides, the adopted Orthogonal Frequency Division Multiple Access (OFDMA) technology in the downlink LTE channel has boosted the system capacity (SC) thanks to the features of contiguous spectrum allocation and multipath fading [3] .
The literature presents various schemes to tackle the power management issue in OFDMA channel; nonetheless, the majority of these existing solutions do not actually guarantee an enhanced system energy efficiency though. This is because the core concern is heavily devoted towards throughput maximization. For example, algorithms of graph-based using game theory were developed in [4] [5] to alleviate the issue of inter-cell interference and thereby improving the SC. Besides, in other proposals such as [6] , SC maximization is realized by optimizing the power allocation problem using the default condition of Karush-Kuhn-Tucker (KKT) borrowed from nonlinear programming. On the other hand, some proposals were introduced to mainly guarantee low dissipated power. Therein, authors in [7] derived a Bit Error Rate based (BER-based) binary model to reduce the consumed power under MultipleInput and Multiple-Output (MIMO) system. In addition, the concept of Discontinuous Transmission (DTX) is widely used in this regard to minimize the power consumption as seen in [8] - [10] whereby the power models were designed at base station (eNB) side by solving a convex subproblem under constant channel gains over different system models. Besides, in some related works, it is stipulated that QoS is guaranteed if fairness is tightly maintained within the power allocation process. This was implemented by using distance-based power planning as in [11] , equal subchannels power allocation [12] , or by adopting a sigmoidal-like utility function [13] .
Based on the above-related works, and others similar, a strict concentration is observed on either SC or power/energy saving; this, to some extent, limits the long-term Energy Efficiency (EE) enhancement over different network loads. Besides, although fairness-oriented power allocation schemes may establish a good energy-saving behavior, this may not guarantee an enhanced EE in all cases as SC is neglected. In this article, we emphasize on the issue of power allocation described above with the main aim of enhancing energy efficiency by introducing an effective solution, namely EaSPA, for downlink OFDMA channel in macrocell urban LTE system. As the name states, in EaSPA, the eNB's transmission power is distributed among the active subchannels using a novel iterative algorithm. This algorithm guarantees a high energyefficient transmissions during light network loads by employing an effective value of optimization coefficient which allows an adaptive power utilization, and guarantees high QoS at congestion states. The rest of the paper is organized as follows: Section II describes the system model. The power allocation problem is formulated in Section III. Then, in Section IV, the proposed model of EaSPA is presented. Simulation results are accordingly discussed in Section V. Finally, the conclusion is drawn in Section VI. 
II. SYSTEM MODEL
In this work, a typical urban scenario of a single-cell with multiuser LTE OFDMA downlink system is considered, whereby an LTE-based macrocell eNB and a number of K = {1, .., j, .., K} UEs are communicating in a direct manner as shown in Figure 1 . All UEs are deployed with a single antenna as well as the base station. In typical LTEbased cellular systems, the channel bandwidth is divided into a number of physical resource blocks (PRB); with each lasts for 0.5 ms in Time Domain (TD) and utilizes a subchannel size of 180 kHz in Frequency Domain (FD). Each PRB is also corresponding to 7 OFDM symbols. In fact, radio resources are usually distributed over the available subchannels every Time Transmission Interval (TTI) that lasts for 1 ms.
Considering N = {1, .., i, .., N } number of subchannels available each TTI, the bandwidth on the subchannel i is b i ; such that i∈N b i < B (B refers to the total system's bandwidth) [14] . It is assumed that each user j experiences an independent fading and the perfect Channel State Information (CSI) is reported periodically to the base station each TTI. Moreover, each PRB is particularly assigned to a UE via signaling interval according to [15] . Therefore, signal-to-interference-plus-noise ratio (SINR) of subchannel i that is mapped to UE j and can be computed as follows,
where p i,j (t), g i,j (t), and I i,j (t) refer to the transmitted power level of a subchannel i for user j, channel gain, and the interference amount results of UE j on subchannel i over the t th TTI, respectively. Besides, N 0 implies the Additive White Gaussian Noise (AWGN) power. Therefore, The maximum channel data rate that can be achieved between the eNB and the j−th UE on the i−th PRB is formulated as,
III. PROBLEM FORMULATION In this work, considering the system model that is illustrated above in Section II, we are aiming to enhance the EE on the macrocell eNB urban LTE system by maximizing throughput (SC) and reducing the power consumption. In this manifest, the problem is formulated as a capacity maximization (however, to the level that optimizes EE) and it is referred to as R(F, S). In this regard, according to [16] , the SC can be defined as the sum amount of successfully received bits to the selected UE and it is expressed as,
where F = m j (t) 0 ∀j is the a positive floating value which allows eNB to impose different priorities to various UEs to ensure high performance at cell-edge UEs. S = s i,j (t) 0 ∀i, j is the method of subchannel allocation to the involved flows. In this work, we consider a greedy-based method [17] in order to allow obtaining a straightforward QoS-driven information for all flows in the system on the available subchannels.
Therefore, given a fixed subchannel allocation values that are known for each allocated UE flow, i.e. s i,j (t), and the efficient allowable portion of power to the eNB that achieves the best EE (i.e, P EE ), the optimal subchannel power allocation scheme that maximizes SC can be obtained by solving the following objective function,
Constraint C1 guarantees that the delay of all Real Time (RT) flows is always limited by the next TTI value. In C2, each subchannel is allowed to be assigned only to one user bearer (data flow). Besides that, the QoS coefficient weight s i,j (t) in C3 is restricted to returns a value for each UE bearer that cannot be less than zero in any case. For C4, it limits the total transmitted power assigned to subchannels within the power allocation method, so that it does not exceed the determined, P max (t). From C5, the allocated amount of power to each utilized subchannel is not a negative value. And finally, C6 is considered to influence the subchannels power allocation process based on the UE distance from the eNB in which a subchannel is mapped to.
IV. THE PROPOSED SUBCHANNELS POWER ALLOCATION ALGORITHM
The ultimate aim of the proposed algorithm (EaSPA) here is to enhance the EE on the downlink OFDMA channel. This is deliberately achieved by maximizing system throughput (also referred as SC), hence the available eNB transmission power is distributed among the active subchannels. To keep the discussion in this context aligned with the scope of the work, we assume that the PRBs allocation process to the selected flows is already performed as a prior phase to the power allocation process where our proposed scheme is manipulated.
It is noteworthy that the optimization problem in Equation (4) is not concave with p i,j (t), such that it is defined as non-convex problem. Besides, it is also considered as a combinatorial optimization problem that is raised from the constraint of the user bearer weight. To solve this problem, the objective function is simplified by using a nonlinear fractional programming method.
A. Problem Transformation using Non-convex Optimization
To transform the objective function in Equation (4), a theorem belongs to nonlinear fractional programming [18] is adopted. Therein, the maximum system throughput is obtained if and only if,
where ϑ is defined as the optimization coefficient that achieves the highest throughput on the considered system.
With that, Equation (4) can be solved by employing the Lagrange dual decomposition optimization method stated in [19] . So, the Lagrangian dual function of the problem in Equation 4 is formulated as,
Let us define Equation (4) as the primal optimization problem. Based on that, the dual optimization problem is expressed as,
The optimality of the primal optimization problem defined above is evident according to Karush-Kuhn-Tucker (KKT) condition in [20] which states that, Theorem 1: Under time-sharing condition, the duality gap between Equations (4) and (7) is near to zero when the number of subchannels is adequately large.
Proof of the theorem on the defined system model can be referred in [21] .
Based on Theorem 1, it is evident that Equation (7) expresses a convex problem on ϑ; thus convex optimization techniques can be applied as a solution. Without the loss of generality, the solution of the dual optimization problem in Equation (7) 4) . This means that a situation of non-zero duality gap may occur when there is a variation between the optimal values obtained from Equation (4) and Equation (7) . Notwithstanding, according to the time-sharing theorem explained above, it is possible to obtain a zero duality gap in this optimization problem when the number of subchannels is sufficiently large. Therein, solving Equation (7) is approximated to the existed solution of Equation (4) . For that, by defining the UE bearer j that is assigned to the subchannel i as j(i), the Lagrangian dual decomposition function can be expressed as,
By exploiting the Krush-Kuhn-Tucker (KKT) conditions in [20] , we can determine the utilized transmission power on each active subchannel i that is assigned to a particular UE bearer j by the formula,
whereby, [x] + refers to max(0, x). From Equation (9), the following relation should hold to comply with KKT conditions,
It is evident from Equation (10) , that ϑ returns a non-zero value for any possible power allocation solution that satisfies the constraint C4; this conceives the following relation,
B. Proposed Iterative method for Subchannels Power Allocation
Therefore, it is evident that the dual optimization problem in Equation (7) is obtained by solving Equation (6) which consequently leads to the optimal power allocation solution for the defined problem in Equation (4) .
For that, we propose a search method as presented in Algorithm 1 to iteratively allocate the power values over the active subchannels. Therein, it is noteworthy that the subchannels power allocation is influenced by the channel gain which is the second part of Equation (9), such that, a bearer j that belongs to UE with a presumably good CQI is allowed to be mapped with a subchannel i that is allocated with high power value. Nonetheless, the subchannel power allocation decision is also impacted by environment-based and informationbased parameters, that are m j (t) and s j(i) (t), respectively. In details, by considering m j (t) that is defined based on Constraint C6 of the power allocation problem, subchannels that are mapped cell-edge UEs' bearers are ensured to have higher power values to possibly transmit all their payload with good achievable data rates. Besides, adopting s j(i) (t) imposes the power allocation procedure to satisfy the QoS-awareness feature. Basically, s j(i) (t) is represented as the inverse of the scheduling priority weight for each the UE flow. Hence, small s j(i) (t) value indicates that the scheduling priority weight is high, and thus, more transmission power is assigned to the respective subchannel of the bearer over the iterations.
From the iterative method described in Algorithm 1, ϑ plays an important role in both of the resultant power allocation process and the algorithm complexity. As shown in Figure  2 , the power allocation problem converges to the effectively assigned eNB transmission power with less than 20 iterations over the different amounts of total allocated power on the subchannels. It is essential to remark that, the dependency in determining ϑ on the value of a1 ϑ enables rapid convergence of p that is limited by P max in all occurrences of network loads.
At the beginning of the algorithm process, a1 ϑ is zero; so, ϑ is determined by boundaries, a1 ϑ and a2 ϑ (following the expression in line 7 of the algorithm). The problem in Equation (4) is then solved by means of nonlinear optimization as described above and the sum power of p i,j (t) is calculated by Equation (9) . If the modulus of the difference between either resultant sum power and P max , or the value of the optimization coefficient in the previous (ϑ C " ) and the current (ϑ C ) iteration is less than the predefined small fraction σ, the algorithm terminates the procedures. Otherwise, the two boundaries a1 ϑ and a2 ϑ are updated based on the value of ϑ and another iteration is then triggered. It is noteworthy here that at the initial iterations of the algorithm, the condition (in line 18 of the algorithm) is always valid; consequently, a2 ϑ is frequently updated with ϑ, while a2 ϑ remains zero. This imposes ϑ to be influenced by the expression in line 7 of the algorithm, and accordingly, a high change rate occurs on ϑ which enables a fast convergence of the resultant allocated power due to the adoption of the logarithmic term.
Thereafter, in an instance when the calculated sum power is greater than P max , a1 ϑ then updated based on ϑ to narrow down the range between the two boundaries which in turn leads to the convergence state of both ϑ, and p i,j (t). With that, ϑ is determined as the mean value of both boundaries, a1 ϑ and a2 ϑ (referred to line 5 of the algorithm) in the subsequent iteration. Note here that while a1 ϑ is frequently updated, a2 ϑ remains with the latest value (none zero) it was assigned based on ϑ in previous iterations. Eventually, it is evident from the obtained value of ϑ that, SC is maximized up to the level which returns the most enhanced value of EE for the system. This is obviously demonstrated by the numerical results of the simulation in the following section.
V. PERFORMANCE EVALUATION

A. Simulation Scenario
Several experiments were performed using a system-level simulations tool named LTE-Sim [12] . The major concern of in the performance evaluation here is on the ability to enhance the system EE meanwhile maintaining a good SC to allow QoS provisioning in overload network states. Considering the system model shown in Figure 1 , a single eNB is deployed in the central area of the cell. UEs are uniformly distributed within the eNB transmission area of the eNB and move with a pedestrian speed of 3 km/h and their mobility is modeled using a random direction model. During the simulation scenario, three traffic types (RT Video, RT VoIP, and NRT application) are involved. A load of these traffic sources is imposed to the network in such a way that 40% of UEs are using RT Variable Bit Rate (VBR) Video application, 40% of UEs are using RT VoIP application, and the rest of 20% are using NRT application. Further descriptions about the implemented characteristics of each traffic class as well as the configurations of the physical layer can be referred within [21] and [12] . The overall definition of the simulation scenario parameters is depicted in Table I . For comparison purpose, the discussion of the EaSPA performance is demonstrated with respect to recent power allocation schemes, wherein power optimization is not considered [12] while adopted in [6] by using the common binary search method. EaSPA PA model in [6] PA model in [12] Fig. 3. System energy efficiency. Figure 3 shows the results of EE with the increase network load. It is obviously seen that EaSPA demonstrates the most effective power utilization with respect to the other reference schemes. During the low-to-average network load (10-70 UEs), the eNB tends to use only a portion of the power that is below far below P max . Therein, the significance of EaSPA is conceived in this part hence it permits only part of available P max to be utilized by imposing fast ϑ convergence in the proposed iterative method (by adopting the equation in Line 5 of the algorithm). This eventually enables EaSPA to outperform the power scheme in [6] by 57.92% better EE over the entire network load range. These EE results also reveal the outstanding performance of EaSPA returns to the proportional and low energy dissipation and the maximized SC obtained by the measured spectral efficiency as presented in Figures 4 and 5 , respectively. Herein, it is noteworthy that although both reference schemes utilize the maximum power their achieved spectral efficiency does not exceed EaSPA trend, particularly in case of employing power optimization as in [6] . This is due to the fact that the system capacity is upper bounded in a certain level of the allocated radio spectrum; hence any further increase in the power does not make any effect to the SC. This at the end implies that both reference schemes are lack of efficient power management with respect to the proposed model. Furthermore, Table II depicts the results of EE over different eNB power profiles. It is noted that as the allowable P max value increases EaSPA proportionally adapts the power consumption in an optimal manner which guarantees the cell utility maximization, even in case of limited eNB transmission power. Therein, with respect to the power model in [6] , EaSPA provides an outperforming level of EE up to 32.95% over the entire range of P max values.
B. Results and Discussions
VI. CONCLUSION In this paper, a downlink subchannels power allocation scheme with a novel iterative algorithm was proposed to enhance EE and maximize SC. The problem of power allocation was formulated as a system capacity problem with QoS awareness constraints by means of non-convex optimization. Thereafter an efficient energy-aware iterative algorithm was proposed to solve the formulated problem and allocate power portions to the active subchannels. The simulation results conceived a significant enhancement on EE is obtained by the proposed scheme in comparison with two reference models. Moreover, this result goes inline maintaining a high level of SC which leads to a robust QoS guarantee, particularly in high load network states.
